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Abstract
Particle tracking velocimetry in 3D is becoming an increasingly important imaging tool in the study of fluid dy-
namics and combustion as well as plasmas. We introduce a dynamic discrete tomography algorithm for reconstructing
particle trajectories from projections. The algorithm is efficient for data from two projection directions and exact in
the sense that it finds a solution consistent with the experimental data. Non-uniqueness of solutions can be detected
and solutions can be tracked individually.
1 Introduction
Particle tracking velocimetry (PTV) is a diagnostic technique that plays an important role in studying flows [1, 2,
39, 68, 29, 35, 42, 49] including combustion [58, 52, 28, 56, 44, 14, 69, 77]. It has also been used to study plasma
[30, 17, 60, 74, 75, 50, 41, 61]. In PTV the motion of particles is followed in a sequence of images to measure their
instantaneous velocities. In complex plasmas the particles themselves are the subject of interest [21, 66, 23, 37, 51]
whereas in fluids the particle velocities are nearly the same as the local flow velocities which can hence be studied by
PTV.
PTV is similar to the related particle image velocimetry (PIV) [2]. PTV tracks the motion of individual particles
whereas PIV tracks the motion of groups of particles statistically. In PTV measurements the concentration of tracer
particles is therefore significantly lower than in PIV measurements. In traditional two-dimensional PTV or PIV mea-
surements, the flow field is illuminated by a thin laser sheet. Light is scattered from the tracer particles in this laser
sheet and imaged on a CCD camera. From a series of images we can then obtain 2D flow velocities in the plane of the
laser sheet [63, 72]. In stereo PIV measurements the laser sheet is observed with two cameras, and velocities in the
plane of the laser sheet can be obtained [55]. PIV techniques have been extended to volumetric 3D measurement by
scanning planar PIV [9], holographic PIV [38], and tomographic PIV [15]. We study the 3D PTV mode of operation
in which individual particles are tracked to obtain 3D velocity vectors in a measurement volume [9, 54, 10, 45]. The
particles either scatter light from a volumetric illumination of the measurement volume or they glow by themselves as
often in plasma. 3D PTV [45] is advantageous if the density of particles is intrinsically low or has to be limited.
Current tomographic particle tracking methods are based on the multiplicative algebraic reconstruction technique
(MART) [34] and its variants [54, 73]. These are methods for reconstructing the distribution of multiple-pixel sized
particles modeled as graylevel images. The graylevel can take any value and is a continuous quantity. The subsequent
binarization is usually performed by comparison of the graylevel to a threshold. This procedure is not guaranteed to
yield solutions that are consistent with the data. In contrast, our algorithm returns binary solutions that are consistent
∗NOTICE: this is the authors version of a work that was accepted for publication in Computer Physics Communications. Changes resulting
from the publishing process, such as peer review, editing, corrections, structural formatting, and other quality control mechanisms may not be
reflected in this document. Changes may have been made to this work since it was submitted for publication. A definitive version appears in
Computer Physics Communications, 187, pp. 130–136, 2015.
†corresponding author
1
ar
X
iv
:1
30
7.
43
36
v3
  [
ph
ys
ics
.fl
u-
dy
n]
  2
2 J
an
 20
15
with the data as this is explicitly included as a constraint in the imaging model. Information from previously recon-
structed frames is incorporated in the reconstruction procedure that is formulated as a discrete optimization problem.
To our knowledge, discrete optimization methods have not previously been applied in PTV.
Existing PTV algorithms (such as [40, 36, 27]) rely on the following assumptions: (a) Applied reconstruction
routines are computationally efficient; (b) The reconstructions are stable, i.e., reconstruction errors are small whenever
measurement errors are small; and (c) The reconstructions are uniquely determined by the data. The algorithms are
therefore generally not able to deal with ambiguities in the reconstruction and typically require heuristic knowledge for
particle tracking. Many PTV algorithms, including the one presented in this paper, utilize information from previously
reconstructed frames [48, 64, 78, 76].
Here we discuss efficiency, stability, and uniqueness of the trajectory reconstructions in 3D PTV by relating them
to results from the mathematical field of discrete tomography, which has originally been developed for reconstructing
crystalline objects from high-resolution transmission electron microscopy (HRTEM) data [65]; see also [32, 24, 33].
Discrete tomography is preferred over conventional computer tomography (CT) in such tasks, because CT algorithms
are, firstly, not well-suitable for reconstructing distributions of pixel-sized objects and, secondly, well-known to gen-
erate severe artefacts in cases where projection data is available only from a few directions.
We introduce a dynamic discrete tomography algorithm for 3D PTV, which can efficiently reconstruct trajectories
of pixel-size objects from projection data acquired from two directions. The projections are assumed to be acquired
along lines, i.e., two 1D detectors are required for particles that are confined to a plane (which could be also called
2D PTV) whereas two 2D detectors are required for particle tracking in 3D. Performing reconstructions from only
a few projections can be important in experimental set-ups with limited optical access. For example, in machines
for studying high-temperature plasmas the available space for diagnostics is usually very limited and possibilities of
reducing the amount of in-vessel equipment are beneficial [41, 61, 22, 62].
Another potential application of the 3D PTV algorithm is a recent experiment on a gliding arc [67, 79]. A gliding
arc is a thin string-like plasma column that is suspended between two electrodes while it is convected in a turbulent
free jet [16, 53, 59]. The gliding arc can be used in surface treatment (adhesion) [43], bacterial inactivation [13], and
many other applications. It has been found by PTV [59] and by measurements with a Pitot tube [53] that the jet flow
is about 10-20% faster than the plasma column. Spatial resolution of the slip velocity (i.e., the velocity of the jet flow
measured relatively to the velocity of the plasma column) is not available in the literature as the seeding density of
particles was too low. In the gliding arc experiment the density of seed particles should not be too high as the plasma
column might otherwise be disturbed. Further, to study the gliding arc, images at a frame rate of 420 kHz and a
resolution of 64×128 pixels have been used [67]. The pixel resolution was this low for the benefit of the high frame
rate.
We introduce our imaging model in Sect. 2, present our dynamic discrete tomography algorithm for 3D PTV in
Sect. 3, and discuss stability and uniqueness of the solutions in Sect. 4. Performance of the algorithm is demonstrated
in Sect. 5, followed by the conclusions in Sect. 6.
2 Imaging Model
We assume that one-dimensional projections of the particles are acquired from at least two projection directions (i.e.,
projections, either in 2D or 3D, are acquired along lines from at least two directions). The number of projection
directions is henceforth denoted by m. In 3D PTV applications, a projection can be understood as a mapping from 3D
space to 2D space, i.e. from real space to a photo image. Similarly, an analogous mapping from 2D space to 1D space
can be considered if the sample is confined to a plane. The projection can be represented by binary-valued functions
where 1 represents detection of a particle and 0 represents non-detection. We remark that this differs from PIV
and computerized tomography cases in which intensities are measured that can take any value and that are therefore
continuous quantities. In PTV applications, however, it is challenging to relate the detected brightness level to the
number of particles lying on the corresponding projecting lines. The binary-valued data, on the other hand, are readily
available.
A parallel beam geometry as indicated in some of the figures is not essential in our case. For m projection direc-
tions, m projecting lines pass through every particle. The intersections of these projecting lines for every projection
direction are called candidate points. The set of candidate points is the so-called (candidate) grid; it contains the set
of all particle positions and typically many additional points that are all other intersections of these projecting lines.
We assume throughout the paper that we have n particles. Hence we have at most n projecting lines for each projection
direction, and thus the number of grid points in the corresponding 2D grid does not exceed n2. However, the grid can
differ in different time steps since multiple particles might be lying on a projecting line. Also note that the grid can be
computed efficiently from the data by computing the intersection points of the corresponding projecting lines.
We consider now the reconstruction problem at time t. To each point g(t)i of the candidate grid G
(t) containing
l(t) points we associate a variable ξ (t)i . Presence or absence of a particle at g
(t)
i is indicated by the value ξ
(t)
i = 1 and
ξ (t)i = 0, respectively; see also Fig. 1. The requirement that any solution~x
(t) := (ξ (t)
1
, . . . ,ξ (t)
l(t)
)T ∈ {0,1}l(t) obtained
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Figure 1: A two-dimensional example for three projection directions (signal-recording lines indicated by dashed lines).
(a) The grid G(t), and (b) a possible solution~x(t) representing a set of particles that are consistent with the projections
(black and white dots corresponding to ξ (t)i = 1 and ξ
(t)
4 = 0, respectively).
by a reconstruction algorithm should be consistent with the projection data can be described by a 0-1-system of linear
inequalities:
A(t)~x(t) ≥~b(t), ~x(t) ∈ {0,1}l(t), (1)
where ~b(t) := (1, . . . ,1)T ∈ {1}k(t) represents the data; k(t) denotes the total number of measurements, and A(t) ∈
{0,1}k(t)×l(t) collects the individual variables’ contributions to the signal as specified by the acquisition geometry (for
the top horizontal line in Fig. 1, for instance, we would have ξ (t)1 + ξ
(t)
2 + ξ
(t)
3 ≥ 1). Note that we distinguish in our
notation between variables~x(t) and particular solutions~x(t).
If no projecting line contains two particles, we can reformulate (1) as
A(t)~x(t) =~b(t), ~x(t) ∈ {0,1}l(t). (2)
Integer vectors~b(t) with entries greater than 1 are also possible in this framework if the brightness level can be related
to the number of particles on projecting lines. We restrict our exposition, however, to the model presented in (1).
For the tracking problem, we need to solve (1) for subsequent time steps and need to be able to match the particles
from~x(t−1) to the particles from the~x(t) solution.
3 A dynamic discrete tomography algorithm for PTV
We introduce a discrete tomography method, which is exact in the sense that it is guaranteed to yield a solution that
matches the data. This method is dynamic since the algorithm uses the solution from the previous time step. Non-
uniqueness of solutions can be detected via this method, and all solutions can be tracked individually if their number
remains small. The method is hence capable of dealing with data insufficiency leading to ghost particles, which
constitute spurious solutions that are not the real solution but are consistent with the recorded data. Elimination of
ghost particles can often be performed at a later stage based on physical arguments. Knowledge of the initial particle
positions is not required, but any knowledge of a particle position during the tracking (possibly by relying on additional
measurements) can potentially reduce the number of alternative reconstructions to be followed.
Let ~w(t) = (ω(t−1,t)1 , . . . ,ω
(t−1,t)
l(t) )
T ∈Rl(t)+ denote a vector specifying weights associated to each grid point (possible
choices are discussed below). We introduce the following discrete optimization problem for the tracking step from
t−1→ t:
minimize ~w(t) •~x(t),
subject to A(t)~x(t) ≥~b(t), (3)
~x(t) ∈ {0,1}l(t),
where ~w(t) •~x(t) denotes the scalar product between ~w(t) and ~x(t). This is a rolling horizon approach; a full horizon
approach is also possible and can potentially reduce further ambiguities.
One possible choice for ~w(t) is
ω(t−1,t)i := min
j:ξ (t−1)j =1
{dist(g(t)i ,g(t−1)j )}, (4)
3
with dist(g(t)i ,g
(t−1)
j ) denoting the distance (possibly but not necessarily Euclidean) between the two grid points g
(t)
i
and g(t−1)j . Note that ξ
(t−1)
j = 1 indicates that a particle is located at grid point g
(t−1)
j . The algorithm thus prefers to fill
candidate points that are (in some sense depending on dist) close to particles from the previous time step. If the initial
distribution of particles is unknown, we can set ~w(0) :=~0 thereby giving no preference to any position. Alternative
solutions can be found as described later.
The Euclidean distance function is a suitable choice for slowly moving particles, i.e.,
dist(g(t)i ,g
(t−1)
j ) := ||g(t)i −g(t−1)j ||2,
where the concept of slow motion has to be understood relative to the frame rate. Using modern high-speed cameras
with frame rates of MHz, such a choice of the weighting function can be relevant to a large number of fluid dynamics
experiments.
The momentum information can also be incorporated into the weights. If the particles, for instance, are known to
move with a certain velocity, then a possible choice would be
dist(g(t)i ,g
(t−1)
j ) :=

c1, for r1 > ||g(t)i −g(t−1)j ||2,
c2, for r1 ≤ ||g(t)i −g(t−1)j ||2 ≤ r2,
c3, for r2 < ||g(t)i −g(t−1)j ||2,
(5)
where r1, r2, c1, c2, c3 are prescribed non-negative numbers with c2 < min{c1,c3}. A particle at g(t−1)j thus most
likely moves a distance between r1 and r2; no displacement direction is preferred in this example. The distance r1 can
also be set to zero, which implies that the particle moves most likely a distance smaller than r2 in any direction. This
particular case could be a model for the random walk of a particle in a turbulent flow. Knowledge about displacement
direction ranges can also be incorporated.
It should be noted, however, that in case of multiple solutions to (1) it may happen that optimal solutions to (4)
contain ghost particles. Nevertheless, non-uniqueness can be detected in this framework. The solution~x(t) is non-
unique if and only if the minimal value of~x(t) •~y(t) of the following optimization problem is smaller than the number
of particles n:
minimize ~x(t) •~y(t),
subject to A(t)~y(t) ≥~b(t), (6)
~y(t) ∈ {0,1}l(t),
This is the same type of optimization problem as in (3), now with ~y(t) representing the variables leading to another
possible reconstruction.
Moreover, we can check whether there exist solutions that avoid prescribed sets G′ ⊆ G(t) of candidate positions.
The problem
minimize ~w•~y(t),
subject to A(t)~y(t) ≥~b(t),
~y(t) ∈ {0,1}l(t)
with ~w =
(
ω1, . . . ,ωl(t)
)
and
ωi =
{
1, for g(t)i ∈ G′,
0, otherwise,
has objective function value zero if and only if there is a solution avoiding G′. Note that combinations with (4) are
also possible.
The discrete optimization problem in (3) can be solved efficiently (i.e., in polynomial time rather than in exponen-
tial time) for data taken from two projection directions [32, Chapter 2]. By (6) it is in this case thus also possible to
determine in polynomial time whether the solution is unique. The ambiguity causing structures (so-called switching
components) are well understood [25], [32, Chapter 3]). In fact, if the number of solutions for each frame is bounded
by some constant C, then it is possible to determine all solutions in the two projection direction case for a given frame
in O(Cn4) time [7] (the running times of naive approaches are exponential in n).
A worst-case performance of O(n3 log(nmaxi{ω(t−1,t)i })) for solving (3) with m = 2 is guaranteed by the cost
scaling algorithm [4]. Also by the simplex method [11] it is possible to find so-called vertex solutions~x(t) of the linear
program
minimize ~w(t) •~x(t),
subject to A(t)~x(t) ≥~b(t),
0≤ ξ (t)i ≤ 1, i = 1, . . . , l(t).
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For two projection directions, due to the structure of A(t), it is guaranteed that a vertex solution~x(t) is binary and thus
solves (3). Popular and well-known linear (and integer linear) programming solvers include CPLEX and Xpress. See
[47] for a list of both commercial and non-commercial solvers.
The situation for m ≥ 3 is different. It can be shown that solving the discrete optimization problem (3) for m ≥ 3
projection directions is at least as hard as finding solutions to the notoriously hard traveling salesman problem [19].
The problems are said to be NP-hard (for a general overview see [20]). Note that NP-hardness is a problem-related
property; any PTV method that attempts to reconstruct particles from m ≥ 3 projection directions is affected by
this. Small problem instances, however, can in practice be solved via integer linear programming. Approximation
algorithms and guarantees are discussed in [26]; for the detailed mathematical analysis of PTV problems in the discrete
tomography context see [7].
4 Uniqueness and Stability
It cannot be expected in general that the projections determine solutions uniquely. In fact, for any finite number of
projections there is the possibility of non-uniqueness. This is indicated in Fig. 2 for m∈{2,3} and can be demonstrated
for any m≥ 2; see [32, Chapter 3 and 4]. It should be noted that these examples with few projection directions fit into
small bounding boxes, i.e., non-uniqueness can appear in many PTV applications even if the sample volume is rather
confined.
(a) (b)
Figure 2: Non-unique reconstructions from (a) two and (b) three projection directions. Black and white circles denote
two possible solutions with identical projection data; projection directions are indicated by arrows. Similar examples
exist for any prescribed set of projection directions.
Prior information in PTV is often of the form that particle movement between frames is assumed to be restricted.
Our example in Fig. 3 shows that non-uniqueness can occur even in this case. The top row of Fig. 3 shows two particles
moving into opposite directions; projections are taken along horizontal and vertical directions; the vertical distance
between the two particles can be arbitrarily large. The second row shows a different particle movement (i.e., a second
solution) that satisfies the same projection data and the same maximum particle displacement as in the top row. (More
involved and physically realistic examples are given later.) This also shows that the possibility of non-uniqueness at
only two consecutive frames at times t1 and t2 (even if initial conditions at t0 are known), can lead to the tracking
of ghost particles, which, over time, may lead to the reconstruction of completely different particle tracks. Note that
no second solution in the respective row at t3 is possible by our assumption of restricted particle movement between
frames. The example extends to cases with m > 2 as switching components exist also in these cases (see, e.g., [32,
Chapter 4]).
The upshot of our discussion is that it can be desirable to have an algorithm at hand that can generate all solutions,
such as presented in Sect. 3. Not only physical assumptions can be verified or falsified in this way, the algorithm can
also form the basis for a subsequent solution elimination step based on more sophisticated types of prior information
(as, for instance, employed in [46]). Individual tracking of non-unique solutions may be implemented within a parallel
computing architecture.
We conclude this section by summarizing several results from the field of discrete tomography that can be applied
to PTV reconstructions. The results are sharp in the sense that there are non-unique solutions if the premisses of the
results are weakened.
A classic result due to Re´nyi [57] and its generalization due to Heppes [31], for instance, guarantees uniqueness
from m = n+1 projections if the number of particles is at most n.
A result independent of n but depending on the grid size, guarantees uniqueness if some of the angles between the
projection directions are small [7]. Unique reconstructions of particles in a 512×512 grid spanned by two orthogonal
projection directions, for instance, are guaranteed if the angle between a third and the first projection direction is at
most 0.112 degrees.
Particle configurations with geometric structure, in particular convex sets of particles, can be uniquely recon-
structed from a small number of projections [18]. Other results can be found in [12]; for further references, see [32,
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Figure 3: An example illustrating that PTV may track particle paths that do not exist but which are consistent with the
data.
Chapter 4].
Reconstruction tasks in discrete tomography can potentially be highly unstable in the following sense. For any
set of m ≥ 3 prescribed projection directions we can find two sets of arbitrarily large cardinality with the following
properties: (i) the sets are uniquely determined by their projections, (ii) the projections differ on only 2(m− 1) pro-
jecting lines, and (iii) the sets are disjoint [8]. An error on four projecting lines can thus already lead to disjoint
reconstructions in the case of m = 3 projection directions. Stability results are available [6] for projection differences
smaller than 2(m−1) and in much weaker form for uniquely determined sets from m = 2 projection directions [5, 70].
Stability thus depends strongly on the particular reconstruction scenario; generally it is advisable to incorporate prior
knowledge into the reconstruction process (see discussion in Sect. 3).
5 Test tracking
We test the algorithm presented in Sect. 3, and especially its capability to detect and track non-unique solutions, on
two test cases based on synthetic data. Test Case I shows the ability to track non-unique solutions. Test Case II
demonstrates the ability of dealing with 3D motion of particles and shows that the change of dimensionality does not
influence the efficiency of the algorithm. This is only meant as an initial proof-of-concept. Extended practical tests
based on physical measurements are currently in preparation.
5.1 Test Case I
The 2D data for Test Case I was generated by Vedenyov’s 2D gas simulation MATLAB package [71]. Six particles
(with integer coordinates) were placed into a 70× 70 pixel grid representing the sample area. Motion of the parti-
cles, which resembles diffusion in two dimensions, was followed over 50 frames. The average particle displacement
between consecutive frames was 1 pixel.
For solving (3) we chose ~w(t) as in (4) and the distance function as in (5) with r1 =
√
2, r2 = 2
√
2, c1 = 1, c2 = 2,
and c3 = 60. Preference is thus given to inter-frame motion within a radius of r1. Projections were taken from two
directions, along lines parallel to the x-axis and y-axis, respectively.
Fig. 4 shows the tracking results from two different viewing angles with the t-axis extending into the third dimen-
sion. The real particle paths are colored, and the algorithm finds the real particle paths from the projections. It also
finds alternative particle paths (ghost particles), and these deviating particle tracks are colored black and show the
non-uniqueness of the problem. (In other situations, the ghost particles may be the real particles, and vice versa.) The
first deviations appear in Frame 16 for Particle 1 and 5. Deviations in the reconstruction of Particle 3 and 6 can also
be seen. As explained in Sect. 4, these deviations occur since two particles cross a common projecting line; see Fig. 3
and the zoomed part of Fig. 4. The average deviation per particle remains here below 4 pixels.
6
20
40
60
20 40 60
10
20
30
40
y
x
t
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Figure 4: Tracking of 6 particles in 2D over 50 frames; results are shown from two viewing angles. Original particle
paths are colored according to the color scheme shown in (b). Reconstructions deviating from the original are depicted
in black color. Particle movement was in two dimensions. The zoomed part shows the deviations of the tracks for
Particle 3 and 6 as explained in connection with Fig. 3.
5.2 Test Case II
For 3D tracking with heterogeneous particle densities, we observed 500 particles in a 640×640×480 measurement
volume and calculated the photo images that would be recorded by two perpendicularly viewing cameras with standard
VGA resolution of 640×480; the imaging planes were the (x,z) and (y,z)-plane, respectively. We simulated a velocity
field with a radial component orthogonal to a line ` and proportional to 1/r, where r is the distance to the line ` that
acts as a repellor. The line ` is obtained by rotating the line parallel to the z-axis that passes through the center of the
volume by 45 degrees around the x-axis. The velocity field also had an axial component along ` such that the velocity
magnitude is constant; the z = 240 plane rotated by 45 degrees around the x-axis serves as an attractor. The local
particle density in the volume is heterogenous; a higher concentration of particles is found in the vincinity of `. The
average particle displacement between frames was 7.2 pixels. Whenever new particles enter the measurement volume,
we assume that their positions are known for that particular (but no subsequent) frame. This is a rather mild restriction
reflecting the fact that the particle density outside the measurement volume is small (the solution in Frame 1, for
instance, is unique).
For solving (3) we chose ~w(t) as in (4) and the distance function as in (5) with r1 = 6, r2 = 8, c1 = 1, c2 = 1, and
c3 = 9. Preference is thus given to inter-frame motion within a radius of r2.
We determined the number of different solutions for the reconstruction problem A(t)~x(t) ≥~b(t), ~x(t) ∈ {0,1}l(t) at
each time step (see Sect. 3); the numbers range from 1 in the first frame to 4.1 ·1062 in the last frame.
The reconstructed velocity field is shown in Fig. 5. Despite of the large number of ambiguities for most frames,
we reconstructed more than 98% of the correct particle positions (and hence 98% of the correct velocity field). This
is possible, because the objective function in (3) gives preference to solutions that are consistent with our physical
assumptions on the particle velocities (modeled via ~w(t)).
5.3 Camera Model
For our simulations we assumed a camera model for which the candidate grid was precisely determined for each frame.
In Test Case II the particle positions were simulated in real coordinates; the measurements were discretized to detector
resolution.
In real experiments, one might need to compensate for de-focusing, imperfections in the alignment, and several
other effects. The projecting lines can become cones, and the opening angle may need to be estimated on an empirical
basis. Large opening angles may increase the number of ghost particles. For specific ghost particle removal techniques
see [48, 64, 78, 76, 3].
6 Conclusions
Based on dynamic discrete tomography, we introduced an algorithm for 3D particle tracking velocimetry diagnostics
and demonstrated its efficiency for binary projection data acquired from two projection directions.
By using more projection directions, we can reduce the ambiguity in the solutions. This typically entails, however,
that the computation time increases drastically. Exact reconstructions from two views can be particularly advantageous
if the optical access is limited. Further, small PTV diagnostics are preferred due to the smaller cost.
7
Figure 5: Reconstructed velocity field obtained by tracking 500 particles in 3D over 50 frames. The arrows indicate
the velocity vectors at the corresponding positions in the volume. More than 98% of the velocity vectors are correctly
reconstructed.
Although we considered only binary projection data in this paper, we remark that the algorithm can also reconstruct
trajectories when more experimental data are available (for instance, in form of brightness levels).
Another advantage of our approach is that if the sampled data intrinsically contain information that can be realized
by several particle patterns, then all possible reconstruction outcomes can be generated and the correct solution can
be selected post factum based on physical principles or other information. Generation of the possible reconstruction
outcomes also facilitates brief assessments of the chosen weights ~w.
Acknowledgements
A. A. and P. G. were partly supported by DFG grants AL 1431/1-1, GR 993/10-1, and GR 993/10-2, respectively.
D. M. was supported by the fusion researcher fellowship program, EFDA. The authors would like to express their
gratitude to M. Kantor for fruitful discussions. COST Action MP1207 is acknowledged for networking support. The
authors would like to thank the anonymous reviewers for their valuable comments and suggestions to improve the
quality of the paper.
8
References
[1] R. Adrian. Multi-point optical measurements of simultaneous vectors in unsteady flow—a review. Int. J. Heat
Fluid Flow, 7(2):127–145, 1986.
[2] R. Adrian. Particle-imaging techniques for experimental fluid mechanics. Annu. Rev. Fluid Mech., 23(1):261–
304, 1991.
[3] R.J. Adrian and J. Westerweel. Particle Image Velocimetry. Cambridge Aerospace Series. Cambridge University
Press, New York, 2010.
[4] R.K. Ahuja, T.L. Magnanti, and J.B. Orlin. Network flows. Prentice Hall Inc., Englewood Cliffs, 1993. Theory,
algorithms, and applications.
[5] A. Alpers and S. Brunetti. Stability results for the reconstruction of binary pictures from two projections. Image
Vision Comput., 25(10):1599–1608, 2007.
[6] A. Alpers and P. Gritzmann. On stability, error correction, and noise compensation in discrete tomography. SIAM
J. Discrete Math., 20(1):227–239, 2006.
[7] A. Alpers and P. Gritzmann. Dynamic discrete tomography. In preparation, 2014.
[8] A. Alpers, P. Gritzmann, and L. Thorens. Stability and instability in discrete tomography. In Digital and image
geometry, volume 2243 of Lect. Notes Comput. Sci., pages 175–186. Springer, Berlin, 2001.
[9] C. Bru¨cker. 3D scanning PIV applied to an air flow in a motored engine using digital high-speed video. Meas.
Sci. Technol., 8(12):1480–1492, 1997.
[10] T.P. Chang, N.A. Wilcox, and G.B. Tatterson. Application of image processing to the analysis of three-
dimensional flow fields. Opt. Eng., 23(3):283, 1984.
[11] G.B. Dantzig. Linear programming and extensions. Princeton Landmarks in Mathematics. Princeton University
Press, Princeton, 1998.
[12] A. Daurat. Determination of Q-convex sets by X-rays. Theor. Comput. Sci., 332(1-3):19–45, 2005.
[13] C.M. Du, J. Wang, L. Zhang, H.X. Li, H. Liu, and Y. Xiong. The application of a non-thermal plasma generated
by gas-liquid gliding arc discharge in sterilization. New J. Phys., 14(1):013010, 2012.
[14] F.N. Egolfopoulos, N. Hansen, Y. Ju, K. Kohse-Ho¨inghaus, C.K. Law, and F. Qi. Advances and challenges in
laminar flame experiments and implications for combustion chemistry. Prog. Energ. Combust., 43:36–67, 2014.
[15] G.E. Elsinga, F. Scarano, B. Wieneke, and B.W. Oudheusden. Tomographic particle image velocimetry. Exp.
Fluids, 41(6):933–947, 2006.
[16] A. Fridman, S. Nester, L.A. Kennedy, A. Saveliev, and O. Mutaf-Yardimci. Gliding arc gas discharge. Prog.
Energy Combust. Sci., 25(2):211–231, 1998.
[17] R. Gandy, S. Willis, and H. Shimoyama. Initial experiments in the Idaho Dusty Plasma Device. Phys. Plasmas,
8(5):1746, 2001.
[18] R.J. Gardner and P. Gritzmann. Discrete tomography: determination of finite sets by X-rays. T. Am. Math. Soc.,
349(6):2271–2295, 1997.
[19] R.J. Gardner, P. Gritzmann, and D. Prangenberg. On the computational complexity of reconstructing lattice sets
from their X-rays. Discrete Math., 202:45–71, 1999.
[20] M.R. Garey and D.S. Johnson. Computers and intractability. W. H. Freeman and Co., San Francisco, 1979.
[21] C.K. Goertz. Dusty plasmas in the solar system. Rev. Geophys., 27(2):271, 1989.
[22] D.H.J. Goodall. High speed cine film studies of plasma behaviour and plasma surface interactions in tokamaks.
J. Nucl. Mater., 111-112(1):11–22, 1982.
[23] J. Goree, B. Liu, and Y. Feng. Diagnostics for transport phenomena in strongly coupled dusty plasmas. Plasma
Phys. Contr. F., 55(12):124004, 2013.
[24] P. Gritzmann and S. de Vries. Reconstructing crystalline structures from few images under high resolution
transmission electron microscopy. In Mathematics: Key Technology for the Future, (ed. by W. Ja¨ger), pages
441–459. Springer, Berlin, 2003.
9
[25] P. Gritzmann, B. Langfeld, and M. Wiegelmann. Uniqueness in discrete tomography: three remarks and a
corollary. SIAM J. Discrete Math., 25(4):1589–1599, 2011.
[26] P. Gritzmann, D. Prangenberg, S. de Vries, and M. Wiegelmann. Success and failure of certain reconstruction
and uniqueness algorithms in discrete tomography. Int. J. Imag. Syst. Tech., 9(1):101–109, 1998.
[27] Y. Guezennec, R. Brodkey, N. Trigui, and J. Kent. Algorithms for fully automated three-dimensional particle
tracking velocimetry. Exp. Fluids, 17(4), 1994.
[28] O. Gurliat, V. Schmidt, O. Haidn, and M. Oschwald. Ignition of cryogenic H2/LOX sprays. Aerosp. Sci. Technol.,
7(7):517–531, 2003.
[29] T. Hadad and R. Gurka. Effects of particle size, concentration and surface coating on turbulent flow properties
obtained using PIV/PTV. Exp. Therm. Fluid Sci., 45:203–212, 2013.
[30] V. Hadziavdic, F. Melandso, and A. Hanssen. Particle tracking from image sequences of complex plasma crystals.
Phys. Plasmas, 13(5):053504, 2006.
[31] A. Heppes. On the determination of probability distributions of more dimensions by their projections. Acta
Math. Sci. Hungar., 7(1):403–410, 1956.
[32] G.T. Herman and A. Kuba. Discrete Tomography: Foundations, Algorithms and Applications. Birkha¨user
Boston, New York, 1999.
[33] G.T. Herman and A. Kuba. Advances in Discrete Tomography and its Applications. Birkha¨user Boston, New
York, 2007.
[34] G.T. Herman and A. Lent. Iterative reconstruction algorithms. Comput. Biol. Med., 6(4):273–294, 1976.
[35] M. Ichiyanagi, R. Miyazaki, T. Ogasawara, I. Kinefuchi, Y. Matsumoto, and S. Takagi. Measurements of mi-
crobubble generation process in microchannel using ultra high-speed micro-PTV system. Microfluid. Nanofluid.,
14(6):1011–1020, 2012.
[36] B. Joshi, K. Ohmi, and K. Nose. Novel algorithms of 3D particle tracking velocimetry using a tomographic
reconstruction technique. J. Fluid Sci. Tech., 7(3):242–258, 2012.
[37] M. Kantor, D. Moseev, and M. Salewski. On bias of kinetic temperature measurements in complex plasmas.
Phys. Plasmas, 21(2):023701, 2014.
[38] J. Katz and J. Sheng. Applications of holography in fluid mechanics and particle dynamics. Annu. Rev. Fluid
Mech., 45(1):531–555, 2010.
[39] R. Kieft, K. Schreel, G. van der Plas, and C. Rindt. The application of a 3D PTV algorithm to a mixed convection
flow. Exp. Fluids, 33(4):603–611, 2002.
[40] J. Kitzhofer and C. Bru¨cker. Tomographic particle tracking velocimetry using telecentric imaging. Exp. Fluids,
49(6):1307–1324, 2010.
[41] S.I. Krasheninnikov, R.D. Smirnov, and D.L. Rudakov. Dust in magnetic fusion devices. Plasma Phys. Con-
trolled Fusion, 53(8):083001, 2011.
[42] D. Krug, M. Holzner, B. Lu¨thi, M. Wolf, A. Tsinober, and W. Kinzelbach. A combined scanning PTV/LIF tech-
nique to simultaneously measure the full velocity gradient tensor and the 3D density field. Meas. Sci. Technol.,
25(6):065301, 2014.
[43] Y. Kusano, B.F. Sørensen, T.L. Andersen, H.L. Toftegaard, F. Leipold, M. Salewski, Z. Sun, J. Zhu, Z. Li, and
M. Alden. Water-cooled non-thermal gliding arc for adhesion improvement of glass-fibre-reinforced polyester.
J. Phys. D: Appl. Phys., 46(13):135203, 2013.
[44] G. Lewis, B. Cantwell, U. Vandsburger, and C. Bowman. An investigation of the structure of a laminar non-
premixed flame in an unsteady vortical flow. Symp. (Int.) Combust., [Proc.], 22(1):515–522, 1989.
[45] H.G. Maas, A. Gruen, and D. Papantoniou. Particle tracking velocimetry in three-dimensional flows, part I:
Photogrammetric determination of particle coordinates. Exp. Fluids, 15(2):133–146, 1993.
[46] N.A. Malik, T. Dracos, and D.A. Papantoniou. Particle tracking velocimetry in three-dimensional flows, part II:
Particle tracking. Exp. Fluids, 15(4-5):279–294, 1993.
10
[47] H.D. Mittelmann. Decision tree for optimization software. http://plato.asu.edu/guide.html, 2014. [Ac-
cessed July 2014].
[48] M. Novara and F. Scarano. Performances of motion tracking enhanced Tomo-PIV on turbulent shear flows. Exp.
Fluids, 52(4):1027–1041, 2011.
[49] J.L.G. Oliveira, C.W.M. Geld, and J.G.M. Kuerten. Lagrangian and Eulerian statistics of pipe flows measured
with 3D-PTV at moderate and high Reynolds numbers. Flow Turbul. Combust., 91(1):105–137, 2013.
[50] N. Oxtoby, J. Ralph, C. Durniak, and D. Samsonov. Tracking shocked dust: State estimation for a complex
plasma during a shock wave. Phys. Plasmas, 19(1):013708, 2012.
[51] N.P. Oxtoby, E.J. Griffith, C. Durniak, J.F. Ralph, and D. Samsonov. Ideal gas behavior of a strongly coupled
complex (dusty) plasma. Phys. Rev. Lett., 111(1):015002, 2013.
[52] J. Pareja, H. Burbano, and Y. Ogami. Measurements of the laminar burning velocity of hydrogen—air premixed
flames. Int. J. Hydrogen Energy, 35(4):1812–1818, 2010.
[53] S. Pellerin, F. Richard, J. Chapelle, J.-M. Cormier, and K. Musiol. Heat string model of bi-dimensional dc
Glidarc. J. Phys. D: Appl. Phys., 33(19):2407–2419, 2000.
[54] F. Pereira, H. Stu¨er, E.C. Graff, and M. Gharib. Two-frame 3D particle tracking. Meas. Sci. Technol., 17(7):1680–
1692, 2006.
[55] A.K. Prasad. Stereoscopic particle image velocimetry. Exp. Fluids, 29(2):103–116, 2000.
[56] X. Qin, H. Kobayashi, and T. Niioka. Laminar burning velocity of hydrogen—air premixed flames at elevated
pressure. Exp. Therm. Fluid Sci., 21(1-3):58–63, 2000.
[57] A. Re´nyi. On projections of probability distributions. Acta Math. Sci. Hungar., 3(1):131–142, 1952.
[58] D. Reuss, R. Adrian, and C. Landreth. Two-dimensional velocity measurements in a laminar flame using particle
image velocimetry. Combust. Sci. Technol., 67(4-6):73–83, 1986.
[59] F. Richard, J.M. Cormier, S. Pellerin, and J. Chapelle. Physical study of a gliding arc discharge. J. Appl. Phys.,
79(5):2245, 1996.
[60] S. Rosanvallon, C. Grisolia, G. Counsell, S. Hong, F. Onofri, J. Worms, J. Winter, B. Annaratone, G. Maddaluno,
and P. Gasior. Dust control in Tokamak environment. Fusion Eng. Des., 83(10-12):1701–1705, 2008.
[61] D.L. Rudakov, A. Litnovsky, W.P. West, J.H. Yu, J.A. Boedo, B.D. Bray, S. Brezinsek, N.H. Brooks, M.E.
Fenstermacher, M. Groth, E.M. Hollmann, A. Huber, A.W. Hyatt, S.I. Krasheninnikov, C.J. Lasnier, A.G.
McLean, R.A. Moyer, A.Y. Pigarov, V. Philipps, A. Pospieszczyk, R.D. Smirnov, J.P. Sharpe, W.M. Solomon,
J.G. Watkins, and C.P.C. Wong. Dust studies in DIII-D and TEXTOR. Nucl. Fusion, 49(8):085022, 2009.
[62] K. Saito, T. Mutoh, R. Kumazawa, T. Seki, Y. Nakamura, N. Ashikawa, K. Sato, M. Shoji, S. Masuzaki, T. Watari,
H. Ogawa, H. Takeuchi, H. Kasahara, F. Shimpo, G. Nomura, M. Yokota, C. Takahashi, A. Komori, Y. Zhao, J.S.
Yoon, and J.G. Kwak. ICRF long-pulse discharge and interaction with a chamber wall and antennas in LHD. J.
Nucl. Mater., 363-365(1):1323–1328, 2007.
[63] M. Salewski, D. Stankovic, and L. Fuchs. Mixing in circular and non-circular jets in crossflow. Flow, Turbul.
Combust., 80(2):255–283, 2007.
[64] D. Schanz, A. Schro¨der, S. Gesemann, D. Michaelis, and B. Wieneke. ‘Shake The Box’: A highly efficient
and accurate Tomographic Particle Tracking Velocimetry (TOMO-PTV) method using prediction of particle
positions. In PIV13; 10th International Symposium on Particle Image Velocimetry, Delft, The Netherlands,
2013.
[65] P. Schwander, C. Kisielowski, F.H. Baumann, Y. Kim, and A. Ourmazd. Mapping projected potential, interfacial
roughness, and composition in general crystalline solids by quantitative transmission electron microscopy. Phys.
Rev. Lett., 71(25):4150–4153, 1993.
[66] P. Shukla. A survey of dusty plasma physics. Phys. Plasmas, 8(5):1791, 2001.
[67] Z.W. Sun, J.J. Zhu, Z.S. Li, M. Alde´n, F. Leipold, M. Salewski, and Y. Kusano. Optical diagnostics of a gliding
arc. Opt. Express, 21(5):6028–6044, 2013.
[68] Y. Suzuki, M. Ikenoya, and N. Kasagi. Simultaneous measurement of fluid and dispersed phases in a particle-
laden turbulent channel flow with the aid of 3-D PTV. Exp. Fluids, 29(7):S185–S193, 2000.
11
[69] F. Tafnout, E. Belut, B. Oesterle´, A.T. Mikolajczak, and J.R. Fontaine. Measurements and numerical simulation
of the gas-solid flow generated by machining operation. Int. J. Vent., 12(1):63–80, 2013.
[70] B. van Dahlen. Stability results for uniquely determined sets from two directions in discrete tomography. Discrete
Math., 309(12):3905–3916, 2009.
[71] M. Vedenyov. 2D gas simulation interactive. http://www.mathworks.com/matlabcentral/
fileexchange/24433-2d-gas-simulation-interactive, 2009. [Accessed July 2014].
[72] L. Wang, M. Salewski, and B. Sunde´n. Turbulent flow in a ribbed channel: flow structures in the vicinity of a
rib. Exp. Therm. Fluid Sci., 34(2):165–176, 2010.
[73] B. Wieneke. Iterative reconstruction of volumetric particle distribution. Meas. Sci. Technol., 24(2):024008, 2013.
[74] J. Williams. Application of tomographic particle image velocimetry to studies of transport in complex (dusty)
plasma. Phys. Plasmas, 18(5):050702, 2011.
[75] J. Williams and E. Thomas. Measurement of the kinetic dust temperature of a weakly coupled dusty plasma.
IEEE Trans. Plasma Sci., 35(2):303–308, 2007.
[76] J. Willneff. A spatio-temporal matching algorithm for 3D particle tracking velocimetry. PhD thesis, Swiss
Federal Institute of Technology Zurich, 2003.
[77] X. Wu, Y. Wu, C. Zhang, G. Li, Q. Huang, L. Chen, K. Qiu, H. Zhou, and K. Cen. Fundamental research on the
size and velocity measurements of coal powder by trajectory imaging. J. Zhejiang Univ. Sci. A, 14(5):377–382,
2013.
[78] H. Xu. Tracking Lagrangian trajectories in position-velocity space. Meas. Sci. Technol., 19(7):075105, 2008.
[79] J. Zhu, Z. Sun, Z. Li, A. Ehn, M. Alde´n, M. Salewski, F. Leipold, and Y. Kusano. Dynamics, OH distributions
and UV emission of a gliding arc at various flow-rates investigated by optical measurements. J. Phys. D: Appl.
Phys., 47(29):295203, 2014.
12
